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Abstract

OBJECTIVES: The objective was to formulate, test, and compare the

This study utilized data from the Vascular Quality Initiative (VQI)

Results and Discussion

 In the VQI database, 98868 patients underwent an atherectomy or stent
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Introduction

Regulatory bodies and clinicians have increasingly accepted and
leveraged the use of real word evidence (RWE) generated from real-

To compare the performance of the models, pairwise comparisons with
Bonferroni adjustment for multiple testing applied to receiver-operating
curves (ROC), sensitivity, and specificity measures were performed.

Table 3. Difference in ROC, Sensitivity, and Specificity with Bonferroni
Adjusted p-values for the Outcome Major Adverse Limb Event

predictors and outcomes of interest may inform clinical and regulatory
decision making.

In the prediction of MALE, the gradient boosted model generated the ¢ A robust and validated predictive model may serve as an additional clinical

greatest accuracy of 0.7675 (95%CI:0.752-0.782), the greatest AUC of

decision-tool that may identify high-risk patients.
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symptoms, and pre-operative smoking. Treatment type was not identified
as a leading predictor in any of the models.

plaque within the peripheral arteries.'?

 The objective of this study was to formulate and test a model used to Figure 1. Methods Summary of models and outcomes assessed at 3 years
predict major adverse limb events (MALE) and mortality among patients .
receiving treatment for lower extremity PAD.

This study supports the use of predictive modeling within the clinical
space of lower extremity peripheral artery disease.

Future machine learning models may employ additional data and
linkage to other data sources to further inform and increase the
generated predictive models' discriminatory ability.

Pairwise comparisons with Bonferroni adjustment for multiple testing .
showed that the GLM, LASSO regularized GLM model, and gradient
boosted decision tree produced similar ROC.



